Abstract-We propose a novel location-aware pilot assignment scheme to mitigate pilot contamination in massive multipleinput multiple-output (MIMO) networks, where the channels are subjected to Rician fading. Our proposed scheme utilizes the location information of users as the input to conduct pilot assignment in the network. Based on the location information, we first determine the line of sight (LOS) interference between the intended signal and the interfering signal. Our analysis reveals that the LOS interference converges to zero as the number of antennas at the base station (BS) goes to infinity, whereas for finite number of antennas at the BS the LOS interference indeed depends on specific pilot allocation strategies. Following this revelation, we assign pilot sequences to all the users in the massive MIMO network such that the LOS interference is minimized for finite number of antennas at the BS. Our proposed scheme outperforms the random pilot assignment in terms of achieving a much higher uplink sum rate for reasonable values of the Rician K-factor. Moreover, we propose a new performance metric, which measures the strength of the LOS interference and demonstrate that it is a good metric to analyze the performance of pilot assignment schemes. Theoretical analysis is provided and verified through numerical simulations to support the proposed scheme.
I. INTRODUCTION
Fifth generation (5G) mobile networks will offer a significantly higher throughput than the fourth generation (4G) mobile networks. Massive multiple-input multiple-output (MIMO) is considered as the key enabling technology to realize the promise of the increased throughput. Recently, an extensive research conducted by the mobile and wireless communications enablers for the twenty-twenty information society (METIS) strengthens the role of massive MIMO in 5G [1] . A significant finding of METIS is that implementing massive MIMO provides a twenty times increased throughput than the 4G networks, which is by far the largest contributing factor. Of course, we need to overcome certain challenges such as pilot contamination to fully unlock the lucrative advantages offered by massive MIMO.
Previous studies shows that pilot contamination severely limits the performance of massive MIMO [2, 3] . In principle, pilot contamination occurs when there are not enough orthogonal pilot sequences available in the massive MIMO network. Specifically, pilot contamination exists when the number of users in the network exceeds the length of the pilot sequence. The adverse nature of pilot contamination is highlighted by the fact that it does not disappear when the base station (BS) employs a very large number of antennas. Consequently, an increasing attention has been paid to alleviate the detrimental impact of pilot contamination in massive MIMO. The previous research on the topic falls into one of the five categories: 1) protocol based methods [2] ; 2) precoding based methods [3] ; 3) angle-of-arrival (AoA) based methods [4] ; 4) blind methods [5] ; and 5) pilot sequence design methods [6, 7] . A new direction of research in mitigating pilot contamination is to leverage the known user location information and perform locationbased processing, e.g., location-aware pilot assignment. In telecommunication networks, user location information can be easily obtained by either estimating the user location [8] or by obtaining the true user location from the global position system [9, 10] . Location-aware pilot assignment schemes are generally focused on assigning pilot sequences to all the users in the network such that pilot contamination is minimized [11] [12] [13] . We note that the existing location-aware pilot assignment schemes [11] [12] [13] assume a simple channel model, which may not be generalized enough to depict certain channel conditions. Additionally, the existing works utilize location information to make the AoA of interfering signal non-overlapping [11] [12] [13] . Different from previous works, we make use of the deterministic location-dependent line of sight (LOS) channel component to assign pilot sequences in the network.
In this paper, we propose a location-aware pilot assignment scheme to improve the uplink sum rate performance by means of reducing pilot contamination in massive MIMO network. Different from [11] [12] [13] , we assume a Rician fading channel model in our analysis. We specifically focus on the LOS component of the received uplink signal and develop a location-aware algorithm to minimize the interference caused by the LOS component. We observe that minimizing LOS interference also results in reduced pilot contamination. Our proposed location-aware algorithm returns a user assignment matrix, which identifies the users that should be assigned the same pilot sequences to improve the uplink sum rate. The main contributions of our paper are summarized as follows: 1) We investigate the LOS interference in massive MIMO networks. We find that the LOS interference is minimum for a certain pilot assignment in the network. Based on this finding, we propose a pilot assignment scheme that aims at mitigating the pilot contamination in massive MIMO networks. 2) We note that the LOS interference converges to zero in massive MIMO regime. However, we find that the rate at which it converges to zero depends on the pilot assignment in the network. As such, our proposed pilot assignment scheme exploits the LOS interference convergence rate to assign same pilot sequences to the users that will result in reduced pilot contamination. 3) We propose a new performance metric based on the LOS interference. The usefulness of the proposed metric is supported by the fact that uplink sum rate increases when the value of the proposed performance metric decreases. 4) We compare the proposed location-aware pilot assignment scheme with the random pilot assignment scheme to demonstrate its advantages. We show that our proposed pilot assignment scheme minimizes the LOS interference and achieves a much higher uplink sum-rate than the random pilot assignment scheme.
II. SYSTEM MODEL
We consider a single-cell massive MIMO network consisting of a BS equipped with an M-antenna uniform linear array and N single-antenna users as depicted in Fig. 1 . We denote the uplink channel between the n-th user, i.e., U n and the m-th BS antenna as g mn = √ β n h mn , where β n and h mn represents the large-scale and the small-scale fading coefficients, respectively. Furthermore, we assume that the channel g mn is subject to Rician fading, where the smallscale fading coefficient h mn consist of a deterministic LOS component and a non line of sight (NLOS) component denoted as h LOS mn and h NLOS mn , respectively. The location of U n can be fully described by the tuple (d n , θ n ), where d n and θ n is the distance of U n from the BS and the AoA of U n at the BS, respectively. Furthermore, we assume that the Rician Kfactors for all the user are also know to the BS, which is a widely adopted assumption in the literature [10, 15] . The LOS component of the small-scale fading coefficient of U n depends on θ n and is given as [15] 
where d is the separation between two antenna elements of the uniform linear antenna array, λ represents the wavelength of the carrier frequency, and θ n denotes the AoA of U n . Under the Rician fading model, the M × 1 channel between U n and the BS is represented as
where
T . Under the assumption of Rayleigh distributed NLOS component, h . Furthermore, we assume that β n depends on the distance from the BS and is given as β n = 1 /(rn/r h ) v [15] , where r n is the distance of U n from the BS, r h is the radius of the cell, and v denotes the path loss exponent. We highlight that the reference power at r h is one.
The communication between the BS and the users consists of uplink transmission and downlink transmission phase. In this paper, we only focus on the uplink transmission phase. The uplink transmission phase is further divided into uplink training and uplink data transmission phase.
A. Uplink Training
During the uplink training phase, all users transmit their pre-assigned pilot sequences to the BS with transmit power p u . We assume that appropriate pilot sequence assignment has already been performed before the uplink training phase. The length of each pilot sequence is denotes as τ . The BS utilizes the known τ × N pilot sequence matrix Φ to perform channel estimation, where the n-th column of Φ denotes the pilot sequence assigned to U n . Accordingly, the M × τ uplink pilot transmission matrix received at the BS is given as
. . , g n ], and W represents the M × τ additive white gaussian noise (AWGN) at the BS. The n-th column of G represent the uplink channel from U n to the BS. We assume that the LOS component of the channel is known at the BS [10] . Accordingly, the part of the received pilot transmission corresponding to the NLOS component is found from (3) as
where we define
. Based on (4), the BS estimates the NLOS component of the channel matrix using least square (LS) channel estimation aŝ
where N = WΦ and R Φ = Φ T Φ denotes an N × N symmetric pilot correlation matrix. Therefore, the overall estimated channel is given aŝ
We note that when τ = N , it is possible that the pilot correlation matrix R Φ = I N . As such, the only error during the channel estimation comes form noise, which can be confirmed from (5). Hence, pilot contamination can be eliminated when τ = N . In this work we assume that τ ≤ N . We denote Ψ m as the group of users that are assigned the m-th pilot sequence, where m = {1, 2, . . . , τ }. Accordingly, the channel estimate for U n ∈ Ψ m is obtained from (5) aŝ
where N n denotes the n-th column of N. The channel estimate in (7) is contaminated due to the reuse of pilot sequences in the network, which occurs when same pilot sequences are assigned to U n and U j . This phenomenon is known as pilot contamination and is considered as a major bottleneck in massive MIMO.
B. Uplink Data Transmission and Sum Rate
During the uplink data transmission phase, U n transmits the data symbol x n to the BS, where E[x H n x n ] = 1. After linear reception, the N × 1 received signal at the BS is given bŷ
where,Â denotes an M ×N linear detector matrix and n is the AWGN at the BS. Using (8), the received signal corresponding to U n is written aŝ
where,â n is the n-th column ofÂ. We highlight that the last two terms in (9) is effective noise. Consequently, the ergodic achievable uplink rate for U n is given as [14, 15] R n =E log 2 1 + p u |â
The uplink sum rate of the network is defined as
where T is the coherence time interval of the channel.
III. LOCATION-AWARE PILOT ASSIGNMENT In the section, we propose a location-aware pilot assignment scheme to improve the uplink sum rate of the massive MIMO network. We assume that location information for all the users in the network is available at the BS. As such, G LOS in (6) can be found by utilizing the known parameters.
A. LOS Interference in Massive MIMO
We now focus on the uplink rate expression given in (10) . Assuming the BS performs zero-forcing (ZF) detection, the interference term in the denominator of (10) is rewritten aŝ
Using (2) and (7), we calculate the numerator in (12) aŝ
We note that (13) contains the multiplication of the LOS component of the channel vector for U n and the channel vector of U i . We define the LOS interference term as
where d = λ/2 is applied and we define
. Using the property of sum of exponentials, (14) is further simplified as
Utilizing (7), we now find the denominator in (12) as
Fig. 2. AoA versus the LOS interference between Un and U i
In massive MIMO regime, the channels become increasingly orthogonal such as
Using this property, (16) is reduced to the following
Now, from (15) and (18) we find |I ni | 2 as
We highlight that |I ni | 2 gives a measure of interference between the LOS component of the uplink channels for U n and U i and is valid for arbitrary values of M . We make an interesting observation from (19). The interference measure |I ni | 2 depends on the pilot assignment. Specifically, Ψ m denotes the users that are assigned the m-th pilot sequence and appears in the denominator of (19). As such, the pilot allocation determines the strength of the LOS interference. We later utilize this observation in our proposed locationaware pilot allocation scheme. Fig. 2 shows the plot for the interference measure |I ni | 2 , where K n , K i , β n , β i , and p p , are fixed as 1 and M = 20. It is interesting to note that for certain values of the AoA difference between U n and U i , the value of |I ni | 2 is very close to zero. Despite the fact that (19) is derived for ZF linear detector, the extension to other linear detection techniques, such as minimum mean square error (MMSE) and maximum ratio combining (MRC), is straight forward. We highlight that the behavior of |I ni | 2 , as revealed in Fig. 2 , will be similar for different type of linear detectors. Against this background, we now detail our proposed location-aware pilot assignment algorithm to improve the uplink sum rate of the massive MIMO network.
B. Location-Aware Pilot Assignment Algorithm
We now present the step by step procedure for the proposed location-aware pilot assignment algorithm as outlined in Algorithm 1. The algorithm takes four inputs: , d 2 , . . . , d n ] , and τ . The algorithm processes the location information and returns the pilot assignment for all the users in the network. We highlight that we perform uplink channel estimation after the location-aware pilot assignment. As such, our proposed algorithm does not require the instantaneous channel state information to improve the sum rate performance. Without loss of generality, we assume the N = k ×τ , where k is an integer. We assume that k is greater than or equal to two because our proposed algorithm focuses on assigning pilot sequences in a pilot contaminated massive MIMO network.
Algorithm 1 Location-aware pilot assignment algorithm
if padlen > 0 then
zero padding 6: end if 7:
x ← rowlen (D)
10:
for i ← 2, x do θ θ θ t ← sin (θ θ θ (t ))
13:
for m ← 1, len (θ θ θ t1 ) do
14:
for n ← 1, len (θ θ θ t ) do 15:
I (m, n) = |I mn | 2 using eq (19) 17: end for 
T each column of T contains the index of the users that are assigned the same pilot sequence 22: end procedure
Step 1: First, the proposed algorithm divided the cell area into k tiers of radius r 1 , r 2 , . . . , r n each containing τ users. Afterwards, the proposed location-aware pilot assignment algorithm assigns orthogonal pilot sequences to the τ users in the first tier of the network. The rationale behind orthogonal pilot assignment to the τ nearest users to the BS is to reduce the pilot contamination. During the uplink training stage, only the NLOS component of the channel is estimated as evident from (4) and (5). The interference power from the NLOS component of U n depends on the large-scale channel coefficient, i.e, β n , which depends on d n . As such, if two users close to the BS are assigned the same pilot sequence, the received signal power at the BS is large, which results in an increased pilot contamination between the users with non-orthogonal pilot sequences.
Step 2: This step focuses on minimising the interference during the uplink data transmission phase. During the uplink transmission phase, both LOS and NLOS components of the received signal contributes to the interference, which can be confirmed from (8) and (9) . In this phase, the algorithm computes the interference measure |I ni | 2 between U n in the first tier and τ users in the second tier. We pay special attention to make sure that the AoA are strickly non overlapping, i.e., dθ ni = 0. It is evident from Fig. 2 that the interference |I ni | 2 is minimum for certain values of θ i . Unfortunately, due to random nature of the user location, a user may not be located at a place such that |I ni | 2 ≈ 0. Next, the algorithm assign the same pilot sequence as the U n in the first tier to U i in the second tier with minimum |I ni | 2 . We clarify that our algorithm follows an aggressive approach, i.e., it assigns pilot sequences to the users closer to the BS first. The benefit of the same pilot assignment to U n and U i with minimum |I ni | 2 can be observed from (19). We note that the term β j in the denominator of (19) is distance-dependent. Assigning same pilot to U n and U i with minimum |I ni | 2 ensures large spacial separation between the two users, which results in reduction of pilot contamination. This process is repeated for the remaining users in the second tier. As such, we identify the users that should be allocated the same pilot sequences to mitigate pilot contamination.
Step 3: Finally, Step 2 is repeated for remaining n − 2 tiers.
After this step, Algorithm 1 returns a matrix T, where m-th column of T identifies the users that should be assigned the m-th pilot sequence, i.e, Ψ m . We note that Algorithm 1 requires (n − 1) (τ − 1) 2 computation of the interference measure |I ni | 2 , which is significantly smaller than the N 2 computations required for a brute force computation of the interference measure.
C. Performance Metric
We define a performance metric in accordance with the design of Algorithm 1 as the sum of the interference from the LOS component of the received signal transmission in the uplink. Accordingly, we propose a performance metric as
We highlight that it is desirable to have small value of I tot in the network.
IV. NUMERICAL RESULTS
In this section, we demonstrate the advantages of the proposed pilot assignment scheme through comparing it with the random pilot assignment scheme. In literature, random pilot assignment is widely used for pilot assignment in massive MIMO [4, 11, 16, 17] . Comparison with random assignment is particularly useful because it averages out the the irregularities due to random user locations. Throughout this section, we assume N = 20, T = 196 symbols, τ = 10, v = 3.8, and r h = 1000 m. Moreover, we assume that the r n and θ n follow a uniform distribution, where r n ∼ [100 m, 1000 m] and θ n ∼ [0, 2π]. Fig. 3 shows the pilot assignment obtained by using the proposed location-aware pilot assignment scheme for given user locations. In Fig. 3 , the users that are assigned the same pilot sequence are represented by the same shape and color. It is clearly observed that the algorithm assigns the same pilot to the users with large spatial separation, which is consistent with the design of the proposed algorithm.
We now evaluate the performance of the pilot assignment schemes with respect to the proposed performance metric I tot given by (20) . In this simulation, we assume K = 3 for all the users in the network. Fig. 4 shows I tot for an average of 200,000 random locations for N users. It can be clearly seen that our proposed location-aware pilot assignment scheme offers less LOS interference as compared to the random pilot assignment because I tot is smaller for the proposed scheme. Moreover, I tot decreases when M is increased. For example, when M increases from 20 to 200, I tot decreases from −12 (dB) to −21.6 (dB) for the proposed scheme. Similar behaviour is observed for random pilot assignment. Nevertheless, our proposed pilot assignment scheme continue to offers less LOS interference than the random pilot assignment regardless of the value of M . As such, it is expected that the uplink sum rate of the proposed location-aware pilot assignment scheme will be higher than the random pilot assignment scheme. We next examine the impact of the proposed location-aware pilot assignment scheme on the uplink sum rate of the massive MIMO network. Furthermore, we assume that the K-factors for all the users are same. Fig. 5 depicts the uplink sum rate for an average over 10, 000 simulations. The uplink sum rate is simulated using (10) and (11) for random pilot assignment and the proposed location-aware pilot assignment scheme, respectively. The advantage of the proposed location-aware pilot assignment scheme is clearly visible from Fig. 5 . For the given system parameters, location-aware pilot assignment scheme provides up to 20% improvement in uplink sum rate compared to random pilot assignment when M is large. We also note that the uplink sum rate increases with an increase in K-factor, which is due to the decrease in interference and the robustness of channel estimation as K-factor increases.
V. CONCLUSION
In this work, we proposed a location-aware pilot assignment scheme based the location information of the users in the massive MIMO networks in order to mitigate pilot contamination. Our proposed pilot assignment scheme calculates the interference offered from the LOS component of the received signal and allocates the same pilot sequences to the users with minimum LOS interference. Comparison with the random pilot assignment scheme demonstrates the advantages offered by the proposed scheme in term of achieving a higher uplink sum rate. Our work provides practical insights to better understand the pilot contamination in Rician fading channels and how location information can be utilized to reduce the impact of pilot contamination.
